1 Protozoan parasites cause diverse diseases with large global impacts. Research on the pathogenesis and biology 2 of these organisms is limited by economic and experimental constraints. Accordingly, studies of one parasite are 3 frequently extrapolated to infer knowledge about another parasite, across and within genera. Model in vitro or in 4 vivo systems are frequently used to enhance experimental manipulability, but these systems generally use species 5 related to, yet distinct from, the clinically relevant causal pathogen. Characterization of functional differences 6 among parasite species is confined to post hoc or single target studies, limiting the utility of this extrapolation 7 approach. To address this challenge and to accelerate parasitology research broadly, we present a functional 8 comparative analysis of 192 genomes, representing every high-quality, publicly-available protozoan parasite 9 genome including Plasmodium, 10 and other species. We generated an automated metabolic network reconstruction pipeline optimized for 11 eukaryotic organisms. These metabolic network reconstructions serve as biochemical knowledgebases for each 12 parasite, enabling qualitative and quantitative comparisons of metabolic behavior across parasites. We identified 13 putative differences in gene essentiality and pathway utilization to facilitate the comparison of experimental 14 findings. This knowledgebase represents the largest collection of genome-scale metabolic models for both 15 pathogens and eukaryotes; with this resource, we can predict species-specific functions, contextualize 16 experimental results, and optimize selection of experimental systems for fastidious species.
Introduction
Here, we present a parasite knowledgebase, Parasite Database Including Genome-scale metabolic Models Next, we curated an existing manually curated reconstruction for P. falciparum 3D7. Third, we mapped 3 orthologous genes so that (fourth) we could add all metabolic functions from our curated iPfal19 into the de novo reconstruction by Papin, and Guler 2017; Untaroiu et al. 2019 ) and in Supplemental Table 1 ) to generate a semi-curated reconstruction for a subset of phylogenetically-related organisms. To build these semi-curated reconstructions, 23 we transformed the manually-curated reconstruction using genetic orthology (Figure 2A, step 3) and added all 24 transformed reactions to the recipient de novo reconstruction (Figure 2A, step 4) . Lastly, all draft and semi-curated reconstructions were gapfilled using parsimonious flux balance analysis (pFBA)-based gapfilling (Biggs and Papin (Figure 2A, step 5 ) and to produce biomass (see the Supplemental Methods). As a result, when compared to 1 manually-curated parasite reconstructions (Carey, Papin, and Guler 2017; Abdel-Haleem et al. 2018; Chiappino- 2 Pepe et al. 2017; Tymoshenko et al. 2015) , semi-curated reconstructions are larger in scope than de novo 3 reconstructions and generate predictions with comparable accuracy (Figure 2C-D) . These reconstructions are also 4 more compliant with community standards (Lieven et al. 2018; Carey et al. 2019) 
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Our de novo draft reconstructions contain only genetically supported information (prior to gapfilling) and, 7 unsurprisingly, reconstruction size is correlated with genome size (Figure 3A-B) . The large genome of Chromera 8 velia CCMP2878 (from CryptoDB with 31,799 ORFs and 3,064 reactions) corresponds to a reconstruction with the 9 second most unique reactions with 58. However, even small reconstructions contain unique reactions prior to 10 gapfilling (Figure 3C) . In fact, 32 reconstructions contain at least one unique reaction (Figure 3C) . 343 reactions 11 are unique to just a single model and 34% of reactions are in fewer than 10% of models ( Figure 3D , rare reactions 12 in red). A core set of 44 reactions are contained in all 192 reconstructions; reactions shared by all models include 13 functions such as glycolytic enzymes. Just 6% of reactions are in at least 90% of models (blue in Figure 3D ). The 14 relationship between model size and genome size is weakened following gapfilling ( Figure 3E ) and the frequency 15 of rare reactions increases (data not shown). ParaDIGM can be used to tease apart the difference between unique, 16 species-specific functions and poorly annotated functions to illuminate the uncharacterized fraction of parasite genomes. To illustrate additional examples of using this resource, we identified niche-specific functions, predicted fluxomics studies to identify divergent enzymes, and identified representative model systems for drug 
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Niche-specific metabolic functions 1 To identify niche-specific functions, we used ParaDIGM to compare the enzymatic capacity of each organism.
2 Specifically, we compared which enzymes are genetically supported and, therefore, present in each 3 reconstruction prior to gapfilling. We performed classical multidimensional scaling using the Euclidiean distance 4 between reaction presence for each reconstruction (Figure 4A-B) . We observe that phylogenetically-related 5 parasites tend to contain similar reactions ( Figure 4A) . However, while networks generated from genomes within 6 a common genera or species cluster together, models also cluster within environmental niche rather than broader 7 phylogenetic grouping such as phylum. Apicomplexan parasites cluster tightly within genus but not across genera 8 ( Figure 4A , Apicomplexa in orange). Cryptosporidium parasites cluster with other gut pathogens (Figure 4A , in 9 blue) rather than other Apicomplexa. Thus, phylogeny is not the sole predictor of model similarity. 
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This result indicates that these red blood cell-invading parasites rely on similar nutrients from their host red blood 21 cell. On the contrary, the broad metabolic niche of extracellular growth yielded little similarity in enzymatic capacity or transporter profile ( Figure 4B and C, in blue), likely due to the range of environments that parasites 23 capable of extracellular growth encounter.
24
Predicting metabolic function
25
Beyond the direct comparison of enzyme presence, we can use ParaDIGM to predict metabolic functions and the 26 functional consequences of reaction presence and network connectivity. This approach augments the analysis 27 beyond mere genetic comparisons: some enzymes may not be discovered in the genome despite being necessary 28 to perform biochemical function observed experimentally and are included in these models (Figure 5A) . Relatively 29 few fluxomics or controlled biochemical studies have been conducted for any one organism but these data can be 30 predicted in silico. We simulate fluxomics studies to profile the metabolic capability of an organism using both 31 genetic evidence and inferred network structure. To do this, we identified which metabolites can be consumed or 32 produced in each model following gapfilling in a rich in silico media, simulating the host environment. This environment is simulated by permitting import of any metabolite for which there is a genetically-encoded with experimental data shown in Figure 5C and analogous in silico results in Figure 5D . All models except for one 1 (Chromera velia CCMP2878 with the largest genome) required gapfilling to synthesize one or more metabolites 2 (observed experimentally) or biomass. We can expand the in silico predictions to all metabolites in all models (a 3 total of 5,141 metabolites by 192 models, Figure 5E ) to generate hypotheses about understudied metabolites and 4 enzymes. 5 Experimentally-derived metabolic functions. We compiled data providing evidence for consumption or production of select metabolites 6 from the literature ( Supplemental Table 1 ). Consumed metabolites are imported by the parasite from the extracellular environment (e.g.
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the in vitro growth medium). Produced metabolites are synthesized by the parasite even when the metabolite is not in the extraceullar 22 thus, we predict that it is important for parasite growth. We also predict that the unidentified sequences for 23 pyridoxal oxidase are highly divergent from known sequences because they were not identified using 24 bioinformatic annotation methods. Thus, by comparing the reconstructions within ParaDIGM, we can identify 25 high-confidence reactions that are encoded by divergent genetic sequences and missed by purely bioinformatic 26 approaches.
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Selecting the most representative model system for an experiment 
38
This eukaryote-specific reconstruction process (Figure 2A) generates high-quality, comprehensive networks 39 (Figure 2B-D) . However, manual network curation remains the gold standard to maximize the accuracy of network 40 predictions. Even so, our semi-automated curation approach enhances the genome-wide coverage of each 41 reconstruction (Figure 2C ) and generates models with comparable accuracy to manually curated reconstructions 42 (Figure 2D) . To evaluate these networks, we compare in silico predictions to experimental results; all have 43 imperfect accuracy regarding gene essentiality (Figure 2C) , emphasizing how challenging it is to make a truly 44 predictive model without integrating extensive experimental data. High rates of false positives (when the model 45 incorrectly identifies a gene as essential) are a product of the model building process; these reconstructions are 46 built to summarize all metabolic capabilities of the organism, not the specific stage-dependent phenotype of an 13 organism in the experimental system. Thus, constraining a reconstruction with in vitro expression data will reduce 1 the false positive rate (e.g. Carey, Papin, and Guler (2017)).
We used ParaDIGM to better leverage model systems for drug development by identifying divergent or conserved 3 metabolic pathways between select human pathogens. Network structures were quite unique with only 25.8% of 4 all reactions in more than 50% of the reconstructions (Figure 3D) ; network topology did however cluster by genus, 5 and transport ability is associated with specific host environments (Figure 4) . Despite these structural similarities, 6 minor topological differences in networks confer key metabolic strengths or weaknesses (Figure 5 & 6) . We 7 compare metabolic reaction (or enzyme) essentiality to identify the best in vitro system or non-primate infection 8 model of disease for drug development (Figure 6) . For example, enzyme essentiality is broadly more consistent 9 between Toxoplasma gondii and Cryptosporidium parasites than between T. gondii and the malaria parasites. By 10 leveraging network context (Figure 5A & B) , we can impute fluxomic studies in all 192 parasites (Figure 5D) to 11 contextualize the variable results across species in relatively few in vitro fluxomics studies (Figure 5C ) and to 12 expand these observations to untested organisms and metabolites (Figure 5E ).
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Beyond our use cases of ParaDIGM, the pipeline and reconstructions presented here can be used broadly by the (Li, Stoeckert, and Roos 2003) . Diamond is a similar approach to BLAST, with sensitive and fast performance on Table 1 ). Metabolites were defined as consumed by the parasite if: (1) the metabolite 1 was radiolabeled, added to media, incorporated into the parasite or converted by the parasite, and this was not seen to the same degree in uninfected host cells; (2) the metabolite rescued inhibitor treatment of a metabolically host cells. First, import or excretion of these metabolites were added to the reconstruction. Next, the model 7 objective was changed to an internal demand reaction for the metabolite or excretion reactions, respectively, and 8 was gapfilled sequentially; this ensures import or synthesis of each of these measured metabolites.
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To gapfill for individual metabolites or biomass (next section), we used a parsimonious flux balance analysis 10 (pFBA)-based approach as originally used in Biggs and Papin (2017) and futher developed in Medlock and Papin 11 (2018) . Code is linked in the Supplemental Information. In essence, this pFBA approach minimizes the flux through 12 genetically unsupported reactions from a biochemical database such that the network can carry flux through the 13 objective reaction (i.e. metabolite production or consumption or biomass synthesis). Any reaction from the 14 database that carries flux during this problem was added to the network. specifically a genus-specific curated biomass reaction (for Plasmodium reconstructions) and a parasite-specific generic biomass reaction. The genus-level curated biomass reaction was taken from our manually curated species-specific biomasses with the stoichometry contained in the iPfal19 biomass reaction. Unfortunately, 23 variability in reconstruction namespace (i.e. the database used for metabolite and reaction nameing conventions) 24 make it difficult to access data compiled for some parasite reconstructions, such as the Toxoplasma and 25 Plasmodium reconstructions ToxoNet1 and iPfal19, respectively, as there are not always one-to-one mappings of 26 variables across databases. This generic biomass was used to capture the most conservatively defined required 27 parasite biosynthetic capacity. All reconstructions were gapfilled to ensure biomass could be synthesized via the 28 generic parasite biomass reaction; all Plasmodium reconstructions were also gapfilled to ensure biomass could be 29 synthesized via the genus-specific biomass reaction. 
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Gene deletions were simulated by removing the gene of interest from the model using CobraPy's 39 'single_gene_deletion' function. This change results in the inhibition of flux through all reactions that require that 40 gene to function. If the model could not produce biomass with these constraints, the gene was deemed essential.
41
Specifically, we defined an essential gene as a knockout that resulted in 10% or less of the maximal biomass Models were tested for thermodynamically-infeasible loops and energy-generating cycles; the approach outlined 1 in Fritzemeier et al. (2017) 
